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Background: Declining physical activity (PA) is a hallmark of aging. Wearable technology 
provides reliable measures of the frequency, duration, intensity, and timing of PA. Accelerometry-
derived measures of PA are compared to established predictors of 5-year all-cause mortality in 
older adults in terms of individual, relative, and combined predictive performance. 
 
Methods: Participants between 50 and 85 years old from the 2003-2006 National Health and 
Nutritional Examination Survey (NHANES, n=2978) wore a hip-worn accelerometer in the free-
living environment for up to 7 days. A total of 33 predictors of 5-year all-cause mortality (number 
of events = 297), including 20 measures of objective PA, were compared using univariate and 
multivariate logistic regression.  
 
Results: In univariate logistic regression, the total activity count was the best predictor of 5-year 
mortality (AUC=0.771) followed by age (AUC=0.758). Overall, 9 of the top 10 predictors were 
objective PA measures (AUC from 0.771 to 0.692). In multivariate regression, the 10-fold cross-
validated AUC was 0.798 for the model without objective PA variables (9 predictors) and 0.838 
for the forward selection model with objective PA variables (13 predictors). The Net 
Reclassification Index (NRI) was substantially improved by adding objective PA variables (p-
value<0.001).  
 
Conclusions: Objective accelerometry-derived PA measures outperform traditional predictors of 
five-year mortality, including age. This highlights the importance of wearable technology for 















































Physical activity (PA) is a major determinant of human health. Decline in PA reflects both age- 
and disease-related changes across multiple biological systems and physiological processes (1).  
PA has historically been assessed via questionnaires and has been subject to substantial recall bias. 
Even detailed PA questionnaires only provide coarse and imprecise information (2), as individuals 
have different definitions of “physical activity” and “intensity”. Moreover, self-reported PA can 
be affected by cognitive impairment, which is associated with disease, age, and psychosocial 
factors (2, 3). Recognizing these limitations, scientific research has been refocusing on objective 
measurements of PA and sedentary time using accelerometers (1, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13).  
 
Objective PA measurements obtained from accelerometers have been increasingly used in aging 
research to predict changes in sleep, cognition, frailty and mortality (14, 15). Wanigatunga et al. 
(16) compared the daily objective PA patterns of older individuals in low, intermediate and high 
fatigability groups, while (17) showed that systematic within-day changes in PA are associated 
with frailty.  
 
The 2003-2004 and 2005-2006 waves of the National Health and Nutrition Examination Survey 
(NHANES) collected objectively measured PA data using hip-worn accelerometers (18). The 
NHANES data is linked to US national mortality data, which allows the study of the association 
between accelerometer-based objective PA measurements and mortality. For example, (19) 
reported associations between sedentary behavior and mortality, independent of moderate-to-
vigorous PA (MVPA) while (20) reported an association between higher levels of sedentary time 
























moderate, or vigorous activity was associated with reduced risk of mortality (21, 22). Recently, 
(23) associated fractal complexity of NHANES PA signals with mortality. 
 
These studies have provided insights into the association between PA as measured by time spent 
in sedentary behaviors (24, 25), light intensity PA (LiPA) (26) and MVPA and MVPA bouts (27, 
28, 29) and mortality. In contrast, the focus here is on quantifying and comparing the individual, 
relative, and combined predictive performance of 5-year all-cause mortality predictors in the US 







The NHANES is a large study conducted by the Centers for Disease Control (CDC) to assess the 
health and nutritional status of the US population (30).  These data include: (1) responses to 
demographic, socioeconomic, and health related survey questions; (2) medical, dental, 
physiological examination, and clinical laboratory tests; and (3) PA information measured by 
accelerometers. Non-institutionalized civilian residents of the United States were selected to 
participate in this study according to the CDC sample design specifications (31). Each study 
participant was assigned a survey weight equal to the number of people he or she represents in the 
























combined with survey weights and mortality data (updated through 2015). Data are organized in 
the R package rnhanesdata (32). 
 
The NHANES 2003-2004 and 2005-2006 have a total of 14,631 participants with accelerometry 
data. For this analysis, we excluded participants who: (1) were younger than 50 years of age, or 85 
and older at the time they wore the accelerometer (10,859 participants); (2) had missing BMI or 
education predictor variables (41 participants); (3) had fewer than 3 days of data with at least 10 
hours of estimated wear time or were deemed by NHANES to have poor quality data (517 
participants); non-wear periods were identified as intervals with at least 60 consecutive minutes of 
zero activity counts and at most 2 minutes with counts between 0 and 100 (18, 33); (4) had missing 
mortality information (21 participants); (5) had missing systolic blood pressure (SBP), total or 
HDL cholesterol measurements (293 participants).  Among the remaining participants, 86 did not 
have alcohol consumption information and were retained in the dataset by introducing the category 
‘Missing Alcohol’. The final dataset contained 2,978 participants with 297 deaths in the first five 
years after the accelerometer study. 
Variables/measures 
Traditional mortality predictions 
We integrated the NHANES data with the US national mortality registries and started with the 
socio-demographic factors age, sex, race/ethnicity, and educational attainment. In NHANES, 
race/ethnicity was coded as Non-Hispanic White (White), Mexican American (Mexican), Non-
Hispanic Black (Black), Other Hispanic and Other. Educational attainment was coded as less than 
























status (never, former, current), alcohol consumption (non-drinker, moderate drinker, heavy 
drinker, missing alcohol), body mass index (BMI; kg/m2), mobility difficulty (yes/no), diabetes, 
coronary heart disease (CHD), congestive heart failure (CHF), stroke, cancer, systolic blood 
pressure (SBP), total cholesterol (mg/dL), and HDL cholesterol (mg/dL). Mobility difficulty was 
defined as a positive response to any of the following questions: (1) difficulty walking a quarter 
mile; (2) difficulty climbing 10 stairs; or (3) use of any special equipment to walk. 
 
Accelerometry derived predictors 
 
In NHANES the minute-by-minute activity data was recorded using a hip-worn ActiGraph AM-
7164 accelerometer. Each participant was instructed to wear the device for a period of 7 
consecutive days from the NHANES examination and remove it during sleep and water-related 
activity, such as swimming and bathing.  The device was returned to the CDC by mail. Not every 
study participant wore the device for the full 7-day period.  
 
Because minute-level accelerometer-derived PA data are large, the current practice is to take 
summary measures. Popular PA summaries based on actigraphy include: (1) total activity count 
(TAC); (2) total log(1+activity count), or total log activity count (TLAC); and (3) total minutes of 
moderate/vigorous physical activity (MVPA), where MVPA is defined as more than 2020 counts 
per minute. While informative, these summaries may not reflect the full complexity of daily PA 
patterns. Therefore, we also considered the 2-hour summary variables (TLAC 12AM-2AM, TLAC 
2AM-4AM, …, TLAC 10PM-12AM), where each variable is TLAC, but calculated in the 
























probabilities from sedentary to active (SATPsl/nw) and active to sedentary (ASTPsl/nw) (29). Finally, 
we used principal component analysis (PCA) to derive the surrogate for the standard deviation of 
the sixth Principal Component (PC). In the analysis, we refer to this measure as SD on PC 6 
(surrogate). A detailed description of all these measures is available in the Supplementary 
materials. To ensure reproducibility, we also provide an accompanying R vignette in the 
rnhanesdata package (32). 
Statistical Analysis 
The demographic and clinical characteristics of the participants are presented in Table 1. They are 
separated by mortality status five years after the accelerometry study. For continuous variables, 
the mean is reported along with the standard deviation (in parentheses) . For binary or categorical 
variables, the number of study participants in each c tegory is reported along with the percent 
number of participants (in parentheses) out of the total number in the corresponding alive or dead 
category. Variables are ranked in decreasing order of their predictive performance as measured by 
the receiver operating characteristic curve (AUC) in single predictor logistic regression with the 
5-year all-cause mortality as outcome. The total activity count is the top-ranked 5-year mortality 
predictor (AUC=0.771) while age is a close second (AUC=0.758). 
 
Mortality prediction models 
 
Our main goals are to: (1) rank predictors in terms of their 5-year mortality predictive performance; 
and (2) identify the best subset of 5-year mortality predictors. To ensure that results are 
generalizable to the US population weights were calculated for the selected subset of participants 
























survey-weighted logistic regression using the function svyglm() in the R package survey. 
Variables are ranked according to the 10-fold complex survey weighted cross validated AUC in 
univariate models, where one predictor at a time is used to predict 5-year mortality. To select the 
best 5-year mortality predictors, we use forward selection survey weighted logistic regression with 
the weighted cross-validated AUC as optimization criterion. The number of variables in the final 
model was selected to maximize the cross-validated AUC, though we also report the Akaike’s 
information criterion (AIC) (34) and the efficient parsimony information criterion (EPIC) (35).  
 
We have also compared the best multivariate model with and without accelerometry-derived PA 
measurements with the model obtained from this model by removing the accelerometry-derived 
PA measurements. The reclassification improvement of these two nested models (with and without 
PA measures) was evaluated using the categorical (36) and continuous (37) Net Reclassification 

























Participant characteristics by mortality status are provided in Table 1. The mean age of the study 
sample was 65.9 ( 9.6, range 50.0 – 84.9) years. The proportions of men (51%) and women (49%) 
were similar with a larger proportion of men (65%) dying within five years of the follow up. The 
participants who died within five years were on average 8.4 years older and had less time in 
moderate to vigorous activity (MVPA), higher active to sedentary/sleep/non-wear transition 
probability (ASTPsl/nw), lower total activity (TAC) and log activity count (TLAC), lower 
sedentary/sleep/non-wear to active transition probability (SATPsl/nw), and more 
sedentary/sleep/non-wear time. There was a larger proportion of non-drinkers and smaller 
proportion of moderate drinkers among the individuals who died compared to the group who did 
not. The proportion of smokers and former smokers was higher among the individuals who died. 
There was a larger proportion of individuals with less than high school education and a smaller 
proportion of individuals with more than high school education who died versus those who 
survived. The proportion of participants with CHF, CHD and Diabetes was higher among those 
who died within 5 years. There was a slightly larger proportion of deceased participants with 
underweight BMI, while the proportion of deceased and alive participants with normal and 
overweight BMI was similar. Finally, the proportion of alive individuals was slightly higher among 
Mexican Americans, while the proportion of alive and deceased participants was similar in other 
racial categories. 
Table 1 shows the predictors ranking according to AUC in univariate logistic regression models, 
where each mortality prediction model was fit with one covariate at a time. Total activity count 
























MVPA (AUC = 0.745) being close second and third predictors, respectively. The transition 
probability from active to sedentary/sleep/non-wear (ASTPsl/nw, AUC=0.733) and total sedentary 
time (Sedentary/sleep/non-wear Time, AUC=0.728) round up the list of the top five predictors of 
5-year all-cause mortality. The next eight most predictive covariates (excluding mobility 
difficulty) are all derived from accelerometry with AUCs from 0.721 to 0.658. These results 
indicate that accelerometry-derived variables are strong predictors of mortality that outperform 
traditional risk factors including smoking, total cholesterol, gender, cancer, stroke, diabetes, and 
coronary heart disease.  
We also consider multi-predictor models and use forward selection that adds one variable at a time 
by maximizing the cross-validated AUC. Figure 1 displays the AIC, EPIC, and AUC at each stage 
of the forward selection process. The scale for AIC and EPIC is shown on the left y-axis, while the 
scale for AUC is shown on the right y-axis. The final 5-year mortality prediction model selected 
based on the cross-validated AUC criterion contains 13 predictors (arranged in the order of their 
selection): TAC, age, smoking status, CHF, drinking status, ASTPsl/nw, mobility problem, gender, 
the surrogate for the standard deviation on the 6th PC (SD on PC 6 surrogate), diabetes, education, 
TLAC 12AM – 2AM, and Stroke.  
Figure 2 displays the correlation plot between age and all activity-derived variables. Age has high 
negative correlations with TAC, TLAC and positive correlation with sedentary time. TAC is highly 
correlated with most activity derived measures, including MVPA, SATPsl/nw, Sedentary time, 
TLAC, and TLAC 4PM – 6PM, 6PM – 8PM, 2PM – 4PM, 12PM – 2PM, 10PM – 12 PM, 8AM – 
10AM, 6AM – 8AM. ASTPsl/nw, sedentary time, TLAC and SATPsl/nw are the most highly 
























low correlation with other activity-derived variables, which may explain why it was selected in the 
joint model in addition to the other covariates.   
Table 2 provides the results (point estimates Odds Ratio (OR), and confidence intervals, p-value) 
for the 13-variable model obtained via forward selection using the cross validated AUC. The 
mortality risk increases significantly with age (OR = 1.087, CI: (1.063, 1.112); p< 0.001) and 
history of coronary heart failure (OR=2.175, CI: (1.177, 3.930); p=0.013). Females have a lower 
probability of death (OR = 0.523, CI: (0.332, 0.817); p=0.007), while former (OR = 1.394, CI: 
(0.835, 2.345); p=0.176) and current smokers (OR = 2.219, CI: (1.412, 3.478); p=0.002) have a 
higher mortality risk than non-smokers. Non-drinkers (OR = 1.759, CI: (1.165, 2.677); p=0.010), 
heavy drinkers (OR = 2.620, CI: (1.148, 5.673); p=0.018) have higher 5-year mortality risk 
compared to individuals who consume alcohol moderately. When adjusted for age and other risk 
factors, including accelerometry-derived variables, the mortality risk was not statistically 
associated with a higher total activity (OR = 1.007, CI: (0.508, 1.832); p=0.982), but was positively 
associated with the active to sedentary transition probability (ASTPsl/nw) (OR=1.465, CI: (1.078, 
1.993); p=0.016). Finally, higher values of the surrogate for the standard deviation on the 6th PC 
(SD on PC6 surrogate) (OR=0.748, CI: (0.629, 0.885); p=0.002) are associated with a lower 
probability of 5-year all-cause mortality. While TAC is the most predictive variable of the 5-year 
mortality in single-regression models, its importance is substantially reduced after forward 
selection. This likely happens because many accelerometry-derived variables are highly correlated 
among themselves and with age (see Figure 2).  
 
To study the added prediction performance of accelerometry-derived PA variables, we started with 
























variables, a cross validated AUC=0.838 and is summarized in Table 2.  From this model we 
constructed a model without PA variables by removing TAC, ASTPsl/nw, the surrogate for the 
standard deviation on the 6th PC (SD on PC 6 surrogate), and TLAC 12AM – 2AM. The resulting 
model had a cross validated AUC=0.798 with the following non-PA variables: age, smoking status, 
CHF, drinking status, mobility problem, gender, Diabetes, Education, and Stroke. The 
improvement in the continuous net reclassification index (NRI) (37), when comparing the 9-
predictor (without PA covariates) and 13 predictor (with additional PA covariates) models was 
strongly statistically significant (p-value<0.001).  
 
DISCUSSION 
Table 1 illustrates the strong predictive performance of objective PA measures derived from 
measurements collected by a hip-placed accelerometer. These predictors substantially outperform 
established predictors of mortality in single predictor regression models.  
 
There are important limitations to the results in Table 1. Indeed, they are based on single variable 
regressions, which provide ranking of predictors of 5-year all-cause mortality if one can measure 
only one variable at a time. This is useful, but one is often interested in building risk scores based 
on combinations of variables. Indeed, one could argue that accelerometer-derived PA 
measurements may be so predictive because they are highly correlated with age. The practical 
implication would be that objective  PA measurements might not be modifiable. For this reason, 
we have conducted forward selection with a rich pool of potential mortality predictors including 
























Another limitation is the exclusion of interaction terms from the analysis. Unreported results 
indicate that most predictive interactions were between age and objective PA predictors. While 
some of the interactions were significant, they did not fundamentally change the results. Thus, to 
preserve simplicity, the focus here is on main effects prediction. 
 
The association between PA and time to death using Cox models in the NHANES population has 
been investigated in several publications (21, 29). Here we focused on the 5-year mortality instead 
of time-to-death because: (1) the model and the results are easy to communicate; (2) potential 
problems with Cox model assumptions are avoided; and (3) it is one of the standard horizons for 
prediction modeling (38, 39). We further considered excluding all participants who died within 1 
and 2 years from the time when the survey was conducted to avoid potential reverse causation. 
When doing that, results remained qualitatively consistent, identifying the same core predictors of 
mortality. However, since the focus is on mortality prediction (and not causal associations), results 
are presented without removing mortality data for the first years.  
 
To study the robustness of finding, we have also conducted the same analyses in two age 
subgroups: (1) participants age 50 to 70 (1828 alive and 98 deceased within 5 years); and (2) 
participants age 70 and above (853 alive and 199 deceased within 5 years). In both age subgroups, 
8 and 9 out of the top 10 mortality predictors were accelerometry derived PA summaries, 
respectively.  
 
The selection of the exact collection of PA summaries derived from accelerometry that predict the 
























due to the strong correlation among the objective PA summaries as well as to their correlation to 
other, established, risk factors. A better understanding of these relationships may further strengthen 
our understanding of the mutual effects of activity and other risk factors and their joint effect on 
mortality risk. However, these results indicate that: (1) there is a strong association between PA 
summaries derived from accelerometry and mortality; (2) these effects are encapsulated in 
different dimensions of PA measures; and (3) the combined effects of these summaries are 
independent of other, well known, mortality risk factors.  
 
Given the large body of research on possible predictors of mortality, we conclude that PA 
summaries derived from accelerometry should become one of the top standard predictors of 
mortality risk. These measurements are becoming increasingly routine, are cheap and nonintrusive. 
Once they are normalized across cohorts and can be quantified in terms of easy to understand 
activities, duration, and timing, this could lead to more targeted PA intervention research.  
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Table 1: Demographic and Clinical Characteristics Separated by Alive and Deceased Status Five Years after Participation in the 
Accelerometry Study, NHANES Pooled Cohorts Study, United States, 2003-2006. 
   Alive Deceased     Alive  Deceased  
           
Rank Characteristics  Mean(SD)/N(%)a AUCb Rank Characteristics   Mean(SD)/N(%)a AUCb 
            
1 TAC 217926 (111868.8) 136307.9 (94316.3) 0.771  20 Smoking Status      0.586 
      Never 1233 (46%) 93 (31.3%)  
2 Age 65 (9.3) 73.4 (8.9) 0.758  Former 1010 (37.7%) 137 (46.1%)  
3 MVPA 14.7 (17.3) 6.5 (12.1) 0.745  Current 438 (16.3%) 67 (22.6%)  
4 ASTPsl/nw 0.29 (0.08) 0.37 (0.11) 0.733 21 CHF 119 (4.4%) 49 (16.5%) 0.57 
5 
Sedentary/Sleep/Non-
Sedentary time 1102.4 (105.1) 1184 (110.5) 0.728 22  Gender      0.559 
























7 TLAC 12PM-2PM 410.2 (113.9) 333.4 (125.3) 0.697  Female 1350 (50.4%) 105 (35.4%)  
8 TLAC 4PM-6PM 381 (112.2) 309.3 (116.4) 0.697   23 Diabetes 444 (16.6%)   74 (24.9%)   0.558 
9 TLAC 2PM-4PM 398.1 (116.7) 323 (121.5) 0.693   24 Cancer 382 (14.2%) 73 (24.6%)   0.558 
10 TLAC 6PM-8PM 320.5 (118.4) 250.7 (108.7) 0.692 25 BMI     0.553 
11 TLAC 10AM-12PM 410.9 (127.4) 335.3 (132.3) 0.682  Normal  663 (24.7%) 97 (32.7%)  
12 Mobility problem 768 (28.6%) 172 (57.9%) 0.672   Underweight           22 (0.8%)    7(2.4%) 
13 SD on PC 6 (surrogate) 0.7 (0.27) 0.57 (0.25) 0.661  Overweight 1048 (39.1%) 102 (34.3%)  
14 SATPsl/nw 0.08 (0.02) 0.07 (0.02) 0.658  Obese 948 (35.4%) 91 (30.6%)  
15 TLAC 8AM-10AM 344.7 (153.3) 282.4 (149.3) 0.629 26 CHD 196 (7.3%) 48 (16.2%) 0.552 
16 Education    0.612 27  Stroke 132 (4.9%) 42 (14.1%) 0.546 
 Less than high school 822 (30.7%) 123 (41.4%)          
 High school 659 (24.6%) 80 (26.9%)  28 Race      0.525 
 More than high school 1200 (44.8%) 94 (31.6%)   White 1556 (58%) 200 (67.3%)  
17 TLAC 8PM-10PM 208.8 (122.6) 165.4 (104.1) 0.603  Mexican American 504 (18.8%) 34 (11.4%)  
      Other Hispanic 53 (2%) 3 (1%)  
























 Moderate Drinker 1346 (50.2%) 99 (33.3%)   Other 87 (3.2%) 7 (2.4%)  
 Non-Drinker 1106 (41.3%) 160 (53.9%)  29 TLAC 12AM-2AM 25.1 (61.4) 24.7 (47.7) 0.511 
 Heavy Drinker 153 (5.7%) 28 (9.4%)  30 TLAC 10PM-12AM 86.3 (100.5) 75.3 (80.9) 0.506 
 Missing alcohol 76 (2.8%) 10 (3.4%)  31 TLAC 4AM-6AM 39.6 (85.1) 34.1 (64.1) 0.504 
19         TLAC 6AM-8AM  171.1  (153.5)   127 (121.9) 0.59 32  TLAC 2AM-4AM 15.4 (52.7) 18.3 (44.9) 0.5 
      33 Wear time 877.1 (134.4) 891.7 (170.8) 0.454 
               
 
 
a For continuous variables, the mean is reported with the standard deviation shown in parentheses. For binary or categorical variables, 
the number of study participants in that category is reported with the alive/deceased specific prevalence of each category in parentheses. 
b Variables are ranked by their predictive ability as measured by the AUC in single predictor logistic regressions with  5-year all-cause 


























Table 2: Estimated Final Model Coefficients Odds Ratio (OR) with Corresponding Standard Errors 
and Significance Values in the Final Complex Survey Design Model, NHANES Pooled Cohorts 
Study, United States, 2003-2006. 
 estimate p-value Confidence Interval (95%) 
Intercept 0.000 < 0.001 (0.000, 0.001) 
Total Activity Count 1.007 0.982 (0.508, 1.832) 
Age 1.087 < 0.001 (1.063, 1.112) 
Former Smoker 1.394 0.176 (0.835, 2.345) 
Current Smoker 2.219 0.002 (1.412, 3.478) 
Coronary Heart Failure: yes 2.175 0.013 (1.177, 3.930) 
Non-Drinker 1.759 0.010 (1.165, 2.677) 
Heavy Drinker 2.620 0.018 (1.148, 5.673) 
Missing Alcohol 2.111 0.106 (0.752, 5.193) 
ASTP 1.465 0.016 (1.078, 1.993) 
Mobility Problem  1.726 0.028 (1.057, 2.816) 
Gender: female 0.523 0.007 (0.332, 0.817) 
SD on PC 6 (surrogate) 0.748 0.002 (0.629, 0.885) 
Diabetes: yes 1.241 0.310 (0.780, 1.937) 
High school Education 0.992 0.973 (0.582, 1.694) 
More than high school 
Education 0.794 0.309 (0.489, 1.294) 
TLAC 12AM-2AM 1.137 0.099 (0.958, 1.322) 
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